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A B S T R A C T   

COVID-19 is deemed as the most critical world health calamity of the 21st century, leading to dramatic life loss. 
There is a pressing need to understand the multi-stage dynamics, including transmission routes of the virus and 
environmental conditions due to the possibility of multiple waves of COVID-19 in the future. In this paper, a 
systematic examination of the literature is conducted associating the virus-laden-aerosol and transmission of 
these microparticles into the multimedia environment, including built environments. Particularly, this paper 
provides a critical review of state-of-the-art modelling tools apt for COVID-19 spread and transmission pathways. 
GIS-based, risk-based, and artificial intelligence-based tools are discussed for their application in the surveillance 
and forecasting of COVID-19. Primary environmental factors that act as simulators for the spread of the virus 
include meteorological variation, low air quality, pollen abundance, and spatial-temporal variation. However, 
the influence of these environmental factors on COVID-19 spread is still equivocal because of other non- 
pharmaceutical factors. The limitations of different modelling methods suggest the need for a multidisci
plinary approach, including the ‘One-Health’ concept. Extended One-Health-based decision tools would assist 
policymakers in making informed decisions such as social gatherings, indoor environment improvement, and 
COVID-19 risk mitigation by adapting the control measurements.   

1. Introduction 

Coronavirus disease 2019 (COVID-19) has changed the dynamic and 
perception of the whole world’s human living style because of severe 
acute respiratory syndrome coronavirus-2 (SARS-CoV-2). On March 11, 
2020, the WHO announced COVID-19 disease as a pandemic (IPAC, 
2020). The disease is continuously spreading, presumably because of 
virus mutation. This pandemic has caused 446 Million cases, including 6 
Million deaths as of March2022 worldwide (WHO, 2021). More 
recently, the new variant of SARS-CoV-2, Omicron (B.1.1.529) was first 
found in South Africa made its way to other countries, including the 
Netherlands, Australia, North America, and many parts of Europe 
(Burki, 2022; WHO, 2021). Other variants such as Alpha (B.1.1.7) was 

found in the United Kingdom, Beta (B.1.351) was found in South Africa, 
Gamma (P.1) was found amongst travelers in Brazil, and another 
variant, i.e., Delta (B.1.617.2) was first identified in India (CDC, 2021; 
Rubin, 2021). Zoonotic diseases are considered infectious diseases 
caused by an agent, such as a virus, and jump from other animal species 
to humans. The possibility of reverse zoonotic transfer also exists 
(Munir et al., 2020). Kissler et al. (2020) studied the future of 
SARS-CoV-2 transmission based on immunity and seasonality using the 
USA database. This study also emphasized continuous surveillance 
because of possible resurgence in contagion as late as 2024, indicating 
that persistent social distancing may be required into 2022. 

SARS-CoV-2 is mainly transmitted human-to-human through aero
sols and droplets generated through cough, sneeze, talk, shouting, 
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singing, or airborne particles (Jayaweera et al., 2020). The possible 
exposure pathways could be inhalation of virus carried in respiratory 
droplets, aerosol particles, and contact with the virus-contaminated 
surfaces (Jayaweera et al., 2020). A recent study shows that fine aero
sol particles (≤ 5 µm) contain more copies of SARS-CoV-2 in contrast to 
coarse aerosols and may play a crucial role in virus transmission 
(Coleman et al., 2021). Thus, these fine particles persist for hours in the 
air as compared to larger droplets that are quickly deposited onto the 
ground or fomite surfaces (Saey, 2021). However, it is crucial to un
derstand how ambient environmental conditions play a vital role in 
spreading and extending the virus in outdoor and indoor settings (Sri
vastava, 2020). The clinical impacts of the SARS-CoV-2 virus on the 
human host depend on age, sex, immunity system, and other de
mographic factors (Jin et al., 2020). 

Simulation models are one of the effective ways to understand the 
dynamics of infectious disease. Models can be qualitative or quantitative 
and provide a prediction of a virus spread, risk assessment, and decision- 
making support (Scoones et al., 2017). Process-based mathematical 
models, usually called compartmental models, have been used to predict 
the disease spreads, reproduction number, the total number of infected 
persons, number of recovered patients, death rate, and other such 
epidemiological parameters (S Chang et al., 2020; Tolles & Luong, 
2020). The outbreak of infectious diseases experiences complex in
teractions of multiple parameters, including environmental drivers and 
climate change. Weather conditions may affect the survival and repro
duction rates of the vector populations (e.g., West Nile Virus (Paz, 
2015)), habitat suitability, distribution, and abundance. That is why it is 
crucial to understand the virus spread through the lens of environ
mental/ weather conditions. Pattern-based simulation methods have 
been used to statistically associate the virus traits with the environ
mental variables (Bhattacharjee, 2020), to understand the spatiotem
poral pattern of infection (Chen et al., 2020) for the projecting purpose 
(Qi et al., 2020). From the governmental perspective, 
non-pharmaceutical policies have been intact such as personal preven
tion practices (wearing masks, maintaining 6 feet distance, staying home 
when sick, and using sanitizers) since the first wave of the pandemic 
(O’Dowd et al., 2020). Most of the mathematical models are good to 
simulate the “what if” type of scenario under different interventions; it 
paves the path to open essential works, public places, schools, and of
fices in the low-risk area considering the socio-economic effects as well 
as preventive measurements (Parajuli et al., 2020). Besides 
process-based compartmental models, artificial intelligence (AI) has 
recently established an interest in developing an emerging infectious 
disease prediction model (Rustam et al., 2020). AI, such as the neural 
network model, has been used in modelling past pandemics, e.g., HINI 
influenza, dengue virus, and norovirus (Ardabili et al., 2020). These 
predictive models are usually based on assumptions and parameters 
used under simplified system conditions (Liu et al., 2021). Such as
sumptions may result in unrealistic prediction outcomes, which could 
hinder local stakeholders from policymaking (Taghizadeh et al., 2020) 
and require model validation using real-time monitoring data before 
making an informed decision (Eker, 2020). Hence, there is a dire need to 
re-examine existing models. An integrated decision support approach 
based on state-of-the-art modelling tools is desired by incorporating 
real-time database under the changing environmental conditions. 

‘One-Health’ (OH) is a holistic approach that provides an integrated 
strategy to combat the outbreak, considering the health risk and human- 
animal-environment interface (Hinchliffe, 2015). OH’s primary princi
ple is to ensure interdisciplinary collaborations amongst policymakers, 
stakeholders/ relevant sectors considering the close dependency of the 
human-animal-environment (CDC, 2020). The OH approach is exten
sively relevant to strengthening the system and preparing, preventing, 
detecting, responding, and recovering from infectious diseases while 
resisting threats against humans, animals, and environmental health 
(World Bank, 2012). In 2004 wildlife conservation society organized a 
symposium titled as "One World, One-Health," which led to the term OH 

(Evans & Leighton, 2014). As a result of other subsequent conferences 
and OH programs on the same theme, OH became the recommended 
strategic approach to deal with avian influenza (Gibbs, 2014). These 
activities paved the way for the “world health organization” (WHO), 
“Food and Agriculture Organization of the United Nations” (FAO), and 
“World Organization for Animal Health” (OIE) tripartite partnership, 
which promoted the integration of zoonotic and foodborne diseases 
within the OH movement (Gibbs, 2014). The OH concept is a promising 
pathway to shape the current integrated studies on the control of 
coronaviruses (e.g., Scoones et al., 2017). 

Referring to OH and environmental multimedia (i.e., atmosphere, 
water, soil, biota) concepts, Fig. 1 shows the dynamic exposure routes of 
virus-laden-aerosol transmissions between a host (human/animal) and 
environmental components. Although the multidisciplinary steps are the 
way forward to control this pandemic, there is still a need to better 
understand the factors related to each integrated approach actor, as 
shown in Fig. 1. For instance, environmental conditions can affect the 
virus growth, transmission, infection rate, and host susceptibility. 
Moreover, built infrastructure, air quality, and meteorological factors 
should be considered while finding strategies to deal with the disease. As 
animals are the primary host for such zoonotic viruses, their habitat, and 
other traits are important. Moreover, virus traits (e.g., mutation over 
time in the viral spike protein and viral genome) play a crucial role in 
human to human and animal to human transmissions. Like other RNA 
viruses, SARS-CoV-2 is prone to genetic evolution resulting in mutant 
variants that may have different characteristics than its ancestral strains 
while adapting to their new human hosts (Cascella et al., 2020). 

This paper aims first to explore the essential mechanisms of the virus 
spread under various environmental conditions, including the level of 
suspended fine particles and possible transmissions pathways in the 
multimedia environment, including indoor confined spaces. The focus 
will be on a systematic review of the modelling tools to understand the 
dynamics of COVID-19 under both short and long-term decision sce
narios. This critical review helps identify the research gaps of existing 
decision analysis techniques and the need for an OH-based approach to 
encourage a multidisciplinary strategic solution to resilience against the 
pandemic. The integrated decision support system will help avoid 
multiple future waves by providing an equitable solution to optimizing 
mitigation measurements. 

2. Methods 

The peer-reviewed literature published in the years 2020, 2021 until 
now and relevant studies of past pandemics were searched. Articles were 
primarily found from database searches in PubMed Central, arXiv, and 
Web of Science using PRISMA guidelines. Also, the reference lists of 
relevant records were searched in google scholar to obtain articles that 
might have been missed in the database searches. The following search 
terminologies were used: “COVID-19 OR SARS-CoV-2 AND environ
ment/climate”; “SARS-CoV-2 AND transmission”; “SARS-CoV-2 AND 
aerosol OR airborne particles”; “COVID-19 AND air quality”; “COVID-19 
AND modelling”; COVID-19 AND risk assessment”; “COVID-19 AND 
surveillance/dashboard/tools”; “COVID-19 AND Artificial intelligence”; 
“COVID-19 AND One-Health”. All terms were searched using free text in 
title, abstract and controlled vocabulary. We collected information from 
50 and 40 articles through arXiv, and PubMed Central, respectively. In 
addition, 82 articles were retrieved from google scholar and 10 articles 
from the Web of Science database. We excluded the duplicate papers and 
research papers that did not have data. We gathered the following data 
for each study: modelling method, transmission pathways, virus load or 
concentration value, study outcome, environmental factors, uncertainty 
factors, and other critical comments. The following questions are 
addressed in this systematic review: 
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1 To what extent do environmental factors potentially impact virus- 
laden-aerosol transmission into the multimedia and built 
environments?  

2 What are the effective and novel approaches to combat the COVID- 
19 by incorporating environmental factors while considering the 
critical review and research gaps of state-of-the-art modelling 
techniques?  

3 Does the multidisciplinary approach provide an equitable solution to 
resilience against the pandemic? 

We addressed these questions using the literature database, sum
marized important factors responsible for the COVID-19 spread, and 
discussed integral components based on the OH concept. 

3. Results 

Due to the mutation of SARS-CoV-2, efforts continue to investigate 
the effect and role of environmental factors, transmission pathways, and 
modelling techniques to understand the difference in dynamics of 
COVID-19 across various regions and find suitable solutions to control 
its spreading. In Section 3.1, literature data for six different environ
mental factors (temperature, UV index, humidity, precipitation, wind 
speed, and humidity) and correlation of air pollution with COVID-19 
cases in hot spot areas of different regions worldwide are evaluated. In 
Section 3.2, the possibility of transmitting SARS-CoV-2 through different 
pathways is examined, including its presence in the water environment, 
biota, and reverse zoonosis via airborne particles. In Section 3.3, various 
systematic analysis tools for COVID-19 are reviewed that would help to 
understand the virus survival, transmission pathways, risk of virus 
spread while considering the environmental factors. In Section 3.4, 
advanced strategies are examined that help decision-makers to imple
ment suitable control measurements. 

3.1. Environmental factors influence on the spread of SARS-CoV-2 

Environmental conditions may influence the aerosol transmission of 
the SARS-CoV-2 virus that causes disease, its transmission, and host 
vulnerability, as in other past pandemics. Significant parameters that 
can impact the virus-laden-aerosol transmission and virus’s temporal 
activity are temperature, humidity, precipitation, and wind speed 
(Bhattacharjee, 2020). Sajadi et al. (2020) found that the virus spread 
more in colder regions with an average of 5− 11◦C temperature and 
located within 30–50◦N (30− 50 ◦ north from the equator), such as 

Wuhan, Tokyo, Daegu, Qom, Milan, Paris, Seattle, and Madrid. Sil and 
Kumar (2020) observed that a range of temperature between -6.28 to 
+14.51◦C was auspicious for COVID-19 spread during the first wave. 
Also, it was found that 13–17 COVID-19 cases were reduced per day with 
the one-degree rise in temperature based on data collection from posi
tively affected countries (Europe, China, USA) and least affected coun
tries (Siberia, Africa, and Canada). Hence, other such studies also 
provided considerable evidence that temperature was a crucial factor 
that plays a vital role in spreading the virus (Y Han et al., 2021; Islam, 
2021; Rume & Islam, 2020). Eslami and Jalili, (2020) observed that 
rising 1◦C ambient minimum temperature decreased COVID-19 cases by 
0.86%. 

Meanwhile, some other reported studies found a positive or no as
sociation between SARS-CoV-2 virus and temperature (Wang et al., 
2020d), which came to opposite thoughts. For instance, Bashir et al. 
(2020) reported that there was no clear evidence that warm temperature 
would suppress the clinical COVID-19 cases. A similar observation was 
reported by To et al. (2021) and Lim et al. (2021). Jüni et al. (2020) 
raised another point that reduced COVID-19 patients were due to sea
sonal variation or public health interventions, including school closure 
and social distance. A cohort study of 144 geopolitical areas was per
formed to support this statement, including cities and provinces of the 
USA, Canada, and Australia (Jüni et al., 2020). It was observed that 
there was no considerable correlation of COVID-19 cases with latitude, 
temperature and a weak association with humidity (Jüni et al., 2020). In 
contrast, a negative correlation was found with school closure, restricted 
mass gathering, and social distancing (Jüni et al., 2020). 

Overall, 66.6% of the included literature in this article shows that 
COVID 19 cases may be reduced by increasing temperature (Al-Rousan 
& Al-Najjar, 2020; Bhattacharjee, 2020; Wang et al., 2020a). These re
ported studies are mostly conducted during the first wave and the 
beginning of the second wave. Most of the confirmed cases and high 
mortalities were observed in New York (USA), Madrid (Spain), Lom
bardy (Italy), and London (UK) in the time from January to April 2020 
(WHO, 2021). Where average temperature observed during this period 
was 9 ◦C, 11.9 ◦C, 11 ◦C, and 8.6 ◦C, respectively. Hence, Sharif et al. 
(2021) concluded that the optimal temperature range in which most of 
the COVID-19 cases were detected in these regions was from 7 to 14◦C. 
In contrast to the USA and colder regions of European countries, some 
regions such as Western Cape (South Africa), Sao Paulo (Brazil), Dhaka 
(Bangladesh), a different sensitive temperature range was observed, i.e., 
16.5 to 30◦C (Sharif et al., 2021). The reduction in cases was observed 
when the temperature exceeded this range. During the second wave, 

Fig. 1. Relevance of human, animal, and environment interaction to viral disease based on One-Health concept.  
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significant cases were observed in the USA, followed by Brazil, India, the 
UK, France (WHO, 2021). There might be other reasons for maximum 
cases in various climate zone regions, including inconsistent imple
mentation of lockdown, social distancing, and health facilities (Huang 
et al., 2020). The effect of temperature on COVID-19 based on various 
studies is summarized in Table 1. 

Wang et al. (2020a) investigated whether high temperature and 
relative humidity (RH) had a strong influence on the adequate repro
duction number (R) of COVID-19 in the USA and China before lockdown 
based on first-quarter data. For instance, assuming a 25 % increase in RH 
at 30 ◦C temperature in the northern hemisphere, there would be a 
reduction of about 0.89 in the R-value from winter to summer (Wang 
et al., 2020b). Whereas, after lockdown, the correlation of RH and 
temperature with R-value was still negative (Wang et al., 2020c), it was 
not statistically significant because of non-pharmaceutical interventions 
in the USA. The same concept was discussed by Lowen and Steel (2014) 
that cold temperature and dry conditions with 20− 35% RH increased 
the intensity of the influenza viruses then intermediate (50% RH) or 
high humidity (>80% RH) conditions. Hence, many other studies 
confirmed RH’s negative association with COVID-19 cases (Qi et al., 
2020; Xu et al., 2020). In some of the southern hemisphere and humid 
tropical regions such as Bogota and Antioquia in Colombia, it showed a 
steady record of COVID-19 even at 72 to 82 % humidity with a tem
perature range 13− 27◦C during October – December 2020 (Islam, 
2021). Similarly, in some regions of Brazil, such as Rio de Janeiro, the 
weather changed to hot humid at the end of October, but SARS-CoV-2 
kept spreading, indicating a weak correlation between humidity and 
COVID-19 cases (Islam, 2021). Humidity is also measured as absolute 
humidity (AH) (a water vapour measurement in the air without 
considering temperature). Bukhari and Jameel (2020) studied that 
COVID-19 was mostly spreading in regions with AH < 10 g/m3. The 
number of cases reduced in summer because many hot spot areas of 
Canada and the USA had high AH than 10 g/m3. Similar results were 
reported by Huang et al. (2020) indicated that 73.5% of confirmed cases 
were reported at AH of 3 g/m3 to 10 g/m3. In comparison to tempera
ture, it is not clear in the literature whether AH or RH has a more potent 
influence on spreading the virus (Bashir et al., 2020; Biktasheva, 2020; 
Rume & Islam, 2020). However, in most studies, an insignificant cor
relation was observed between COVID-19 mortality rates and humidity 
(Eslami & Jalili, 2020; Harmooshi et al., 2020). Sharif et al. (2021) 
found that regardless of temperate climate zone, the majority of cases 
and fatalities at 65%–80% average RH per day was near optimum for 
droplet nuclei to survive longer in the environment. 

Menebo (2020) indicated that precipitation was negatively corre
lated with the spread of the virus in a densely populated area. The reason 
could be that rainfall better supported social distancing and 
staying-at-home rules than dry weather. In comparison, Xu et al. (2020) 
reported a positive correlation between precipitation, wind speed, and 
virus transmission. Another study found that for each one-inch incre
ment in rainfall per day, 56.01 cases per day increased globally (Sobral 
et al, 2020). Although the rainy season does not directly influence virus 
transmission, extreme precipitation events indirectly drive people to 
stay indoors (Bashir et al., 2020; Menebo, 2020). The indoor built 
environment, including the efficiency of heating, ventilation, and air 
conditioning (HVAC) systems, can play a significant role in fostering the 
transmission of infectious diseases (Dietz et al., 2020). 

Wind speed may contribute to the transmission of the virus from the 
source to distant places. Past studies confirmed a positive correlation of 
dust particles with virus transportation, especially during dust storms. 
For instance, the influenza A virus concentration was found high in 
downwind South Korea and Japan (Chen et al., 2010). Further studies 
indicated that infectious diseases viruses theoretically might be trans
ported by dust particles across oceans (Wu et al., 2016). Wei et al. (2020) 
investigated warm places with increasing wind speed had a higher 
exposure risk for COVID-19, but a negative correlation was observed if 
the windspeed range lies between 1.5–2.5 m/s. However, the negative 

correlation between wind speed and the COVID-19 infection rate was 
observed by Ahmadi et al. (2020) in those areas in Iran, where there 
were low humidity and low solar radiation. Isaia et al. (2021) examined 
that solar radiation explained up to 83.2% of the spatial variance of the 
COVID-19 in the Italian region. Sharif et al. (2021) found that average 
11− 22 (km/h) wind speed and 3− 6 UV index were associated with the 
virus spread during the first wave of COVID-19 in the hot spot areas [e. 
g., New York (22 km/h), London (14 km/h), Lombardy (14 km/h), 
Western Cape (17 km/h), Madrid (14 km/h), and Dhaka (11 km/h)]. In 
addition, Ahmadi et al. (2020) suggested that the virus’s spread depends 
on geographical location; and high population density with high 
intra-provincial transportation directly relates to COVID-19 infection 
rate. Damialis et al. (2021) investigated the correlation of airborne 
pollens and the temperature and humidity effect with and without the 
lockdown effect. Pollen abundance was found to be synergistic with 
temperature and humidity with a significant positive correlation with 
the infection rate; however, lockdown and weekends halved infection 
rates under similar pollen concentrations. However, pollen particles 
could not act as infection carriers or transmit the virus (Dunker et al., 
2021). The reason might be that pollen suppressed the innate antiviral 
immunity of the population and made them more susceptible to viruses 
such as SARS-CoV-2. It suggested wearing a masque during outdoor 
activities in spring (pollen season) (Gilles et al., 2020). In addition to the 
environmental conditions, very few studies focused on spatial-temporal 
variation and seasonal variation to understand the geographical evolu
tion of COVID-19 (Sartorius et al., 2021). For example, Matthew et al. 
(2021) examined the influence of spatial-temporal variations on the 
COVID-19 cases concerning environmental factors fluctuations in 61 
countries worldwide for an approximately five-month period 
(December, 2019− May, 2020). It was found that the spread of 
COVID-19 was highest in the high latitudes regions with a temperate 
climate, and the primary route of the transmission was mainly from the 
epicentre to North America and Europe, imitating the travel patterns 
from China (Matthew et al., 2021). Furthermore, the influence of 
meteorological changes on the spread of COVID-19 varied across 
different climatic regions. i.e., warm and cold (Wang et al., 2021). Thus, 
positive and negative correlations have been observed for all environ
mental factors (temperature, humidity, and precipitation) (Matthew 
et al., 2021; Sartorius et al., 2021; Wang et al., 2021). It implies other 
crucial factors should also be considered, such as variations in socio
economic, demographic, healthcare facilities, and other protocols (e.g., 
lockdown, wearing masks, social distancing, frequent washing of hands) 
to fight the pandemic (Matthew et al., 2021). 

The research studies have highlighted that coronavirus’s air-borne 
transmission is one of the most potent ways of infection (e.g., Mor
awska & Cao, 2020). Table 1 shows that exposure to criteria air pol
lutants [e.g., particulate matter (PM2.5, PM10), ozone (O3), oxide of 
nitrogen (NOx), and carbon monoxide (CO)]. Most studies found 
confirmed associations of pollutants’ concentration with COVID-19 
spread or fatalities for various regions such as China, USA, Italy, Neth
erland, India, and Germany, with higher levels of air pollutants resulting 
in increased cases and mortality rates during the first wave (Cole et al., 
2020; Ogen, 2020; Zhu et al., 2020). It is interesting to observe that in 
Sao Paulo, Brazil (tropical zone with 8006 persons per square kilometre 
population density), a 10 µg/m3 increase of PM2.5 results in a risk of 
1.140 for COVID-19 cases (Risk value >1 means increased risk for the 
exposed group) (Ibarra-Espinosa et al., 2022). Such risk is 1.06 times 
higher than that caused by O3 (Ali & Islam, 2020; Ibarra-Espinosa et al., 
2022). Another study indicated that for short-term exposure and a 10 
μg/m3 increase in PM2.5, PM10, NO2, and O3 were associated with a 2.24, 
1.76, 6.94, and 4.76% increase in the daily COVID-19 cases, respectively 
(Ali & Islam, 2020). For SO2, the association was not clear with the risk 
of COVID-19 infection (Zhu et al., 2020). Ali and Islam, (2020) found 
that about 78% of mortality occurred in five regions of northern Italy 
and central Spain for long-term exposure, where a high level of NO2 was 
present because of traffic and power plant emissions. After the first 
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Table 1 
Examples of environmental conditions associated with the spread of SARS-CoV-2.  

Parameters studied Study area Time span Major Findings Correlation with COVID-19 Refs.  

Meteorological/atmospheric factors 
Temperature, absolute 

humidity (AH) 
China (30 
provincial 
capital cities) 

5 January to 22 
March 2020 

Each 1◦C rise in ambient and diurnal temperature, 
there is a decline in daily cases, and low humidity 
increase transmission 

Negative correlation with 
temperature and AH 

Liu et al. (2020a) 

Temperature, relative 
humidity (RH) and high 
windspeed 

Four selected 
cities in China 
and five cities 
in Italy 

1 January to 13 
March 2020 

RH and wind speed have no significant impact. 
Whereas maximum temperature decreased the 
cases 

Negative correlation with 
temperature 

Bhattacharjeet al. 
(2020) 

Temperature, humidity, 
windspeed, pressure 

Chinese 
provinces 

22 January to 1 
March 2020 

High temperature, windspeed, and pressure with 
low humidity increase confirmed cases and deaths 
in many of the provinces in China 

Positive correlation with 
temperature, windspeed; 
negative correlation with 
humidity 

Al-Rousan & 
Al-Najjar (2020) 

Temperature China 20 January to 4 
February 2020 

Every 1◦C increase in temperatures decrease the 
cumulative number of cases by 0.86 

Negative correlation with 
Temperature 

Wang et al. (2020a) 

Temperature, humidity China 22 January to 
16 February 
2020 

1◦C rise in temperature above 5◦C decreases the 
transmission by 10%; and no relation with 
humidity 

Negative correlation with 
Temperature 

Gupta (2020) 

Temperature, rainfall, 
average humidity, wind 
speed, and air quality 

New York, USA 1 March to 12 
April 2020 

Temperature and air quality are significantly 
associated with the COVID-19 pandemic 

Positive correlation with 
temperature 

Bashir et al. (2020) 

Temperature, windspeed, 
precipitation 

Four Canadian 
provinces 
(Quebec, 
Ontario, 
British 
Columbia, and 
Alberta) 

January to May 
2020 

Per unit rise in temperature,14.3 COVID-19 cases 
increase per 100,000 people 

Positive correlation but 
statistically non-significant 
after windspeed and 
precipitation adjustment 

To et al. (2021) 

Temperature, relative 
humidity, and UV 
radiation 

More than 200 
cities in China 

Early January 
to early March 
2020 

No association of temperature with cumulative 
daily cases 

No correlation with 
temperature or humidity 

Yao et al. (2020) 

Humidity 50 states in the 
USA 

22 January to 
26 March 2020 

Direct and significant humidity association with 
COVID-19 cases in all the states 

Positive correlation between 
humidity and COVID-19 
patient fatality 

Li (2020) 

Windspeed, temperature Delhi, India Not specified Possibility of a second wave of COVID-19 in 
autumn and winter where low temperatures and 
high wind speeds increase virus transmission and 
survival 

Positive correlation with 
windspeed and negative 
correlation with temperature 

Dbouk and Drikakis 
(2020) 

Temperature, precipitation, 
humidity, wind speed, 
and average solar 
radiation 

Iran 19 February to 
22 March 2020 

Areas with low wind speed, humidity, and solar 
radiation exposure to a high rate of infection; 
Precipitation is not significantly related 

Negative correlation with 
windspeed, humidity, and 
solar radiation 

Ahmadi et al. (2020) 

Precipitation, temperature International 
samples 

1 December 
2019 to 30 
March 2020 

Average daily temperature by 1◦F reduced the 
COVID-19 cases by 6.4 cases/day; Average inch/ 
day precipitation increased; 56.01 cases/day rise. 

Negative correlation with 
temperature. Positive 
correlation with precipitation 

Sobral et al. (2020) 

Pollen concentration, 
temperature, humidity, 
lockdown effect 

130 sites in 31 
countries 

10 to 14 March 
2020 

An increase of pollen abundance by 100 pollen/m3 

resulted in a 4% average increase of infection rates. 
Without lockdown, pollens 
have a positive correlation 
with infection rate 

Damialis et al. 
(2021) 

Temperature and Absolute 
temperature 

Several 
provinces in 
USA and China 

21 January to 6 
May 2020 

60.0% of the confirmed cases of COVID-19 
occurred in places where the air temperature 
ranged from 5◦C to 15◦C. Approximately 73.8% of 
the confirmed cases were observed with absolute 
humidity of 3 g/m3 to 10 g/m3. 

Optimal temperature and 
humidity range is found with 
increasing COVID-19 cases 

Huang et al. (2020)  

Ambient air pollutants 
PM2.5, SO2, NO2 355 

municipalities 
in the 
Netherlands 

February to 
June 2020 

A municipality with 1 μg/m3 more PM2.5 

concentrations will have 9.4 more COVID-19 cases, 
3.0 more hospital admissions, and 2.3 more deaths 

Positive correlation with 
PM2.5 and NOx; SO2 is not 
statistically significant 

Cole et al. (2020) 

PM2.5, NO2 Italy March-October 
2020 

An increase of 1 (μg/m3) in PM2.5 and NO2 

concentrations corresponded to an increase in 
incidence rates of 1.56 and 1.24 × 104 people, 
respectively, 

Positive correlation with 
PM2.5 and NO2 

Fiasca et al. (2020) 

PM2.5 and other 
meteorological factors 

USA (County- 
level) 

January to 18 
June 2020 

An increase of only 1 µg/m3 in PM2.5 is associated 
with an 8% increase in the COVID-19 death 

Positive correlation Wu et al. (2020a) 

PM2.5, PM10, CO, NO2, SO2 

and O3 

120 cities of 
China 

23 January to 
February 2020 

Positive associations of all pollutants with COVID- 
19 confirmed cases. 
SO2 levels are negatively associated with the 
number of daily confirmed cases 

Positive correlation with 
PM2.5, PM10, CO, NO2, and O3 

Negative correlation with SO2 

Zhu et al. (2020) 

(continued on next page) 
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lockdown, air quality improved in many regions of India and China, 
where reduced mortality rates were observed in the second wave (Ali & 
Islam, 2020). 

3.2. Transmission of virus-laden-aerosol within environmental media 

The virus attached to aerosols can persist, survive and use the 
environment as a secondary reservoir until finding a living host (Li et al., 
2020). There has been proof that SARS-CoV-2 remains alive and can stay 
for hours in the air (Coleman et al., 2021) and survive on the fomite 
surfaces from a few hours to many days (Chin & Poon, 2020). 
SARS-CoV-2 may transmit to the multimedia environment via airborne 
particles through multiple routes, which is not addressed in epidemio
logical studies. 

Considering the above discussion, Fig. 2 shows possible SARS-CoV-2 
transmission pathways through primary reservoirs (e.g., atmosphere) to 
humans and then from human to airborne particles that could be 
deposited to various environmental media. Multiple pathways could 
transmit the virus mainly via human-to-human interaction directly or 
transmit between humans and other animal species. These animals (pets 
or other farm animals) could be sources of the secondary reservoir (i.e., 
host) of the virus (e.g., Chan et al., 2020). Simultaneously, the envi
ronmental transmission could be through a respiratory droplet and 
aerosol particles to the atmosphere (i.e., both indoor and outdoor en
vironments). The transmission could be from the aerosolization through 
flushing, infected person’s waste, and the virus could be found in the 
local sewage system (Wang et al., 2005). If sewage disposes into the 
surface water, it could contaminate the water bodies (e.g., rivers) 
(Guerrero-Latorre et al., 2020). Virus-laden-aerosol or airborne 

particulate matter could be deposited on the soil and other fomite sur
faces through particle dispersion. Even an infected person could trans
mit the virus on the fomite surface via touching, sneezing, and coughing 
(Wijaya et al., 2020). The virus in soil could be further transported to 
groundwater (Kimura et al., 2008), possibly further to drinking well. 
Moreover, the deposition of virus-laden particles on the food item is 
suspected by scientists (Han et al., 2020; Wijaya et al., 2020). Thus, it 
shows that multiple aerosol transmission routes might result in dreadful 
loops for virus spread while considering the virus, host, and environ
ment interactions based on Fig. 2. 

The respiratory droplet is responsible for the human-to-human and 
human-to-animal transmission mechanism within six feet distance. In 
contrast, aerosols are the virus carrier in the air that disperse to other 
environmental media (water, soil, and biota). Differences between res
piratory droplets and aerosol particle dynamics and how virus-laden- 
aerosol transmission into the multimedia environment are further 
discussed. 

3.2.1. Droplets and aerosols carry virus through the air 
SARS-CoV-2 can transport in the air through respiratory droplets and 

aerosols (airborne particles) (WHO, 2021). The respiratory droplet 
generates through the cough, sneeze, and talk of the (infected) person 
and is larger in size (diameter > 5 μm) that abruptly drops to the ground 
under gravity, typically within 6 feet of the infected ones (Jayaweera 
et al., 2020). The aerosols are relatively smaller droplet nuclei (diam
eter ≤ 5 μm) that linger in the air over a long time and may disperse to 
some extent greater than 6 feet (Thompson, 2020). 

Most of the published studies related to SARS-CoV-2 air sampling did 
not report the exact measurement of particle size. Fears et al. (2020) 

Table 1 (continued ) 

Parameters studied Study area Time span Major Findings Correlation with COVID-19 Refs. 

PM2.5,CO2, NO2 25 major cities 
in India 

29 January to 
18 May 2020 

Direct association with PM2.5 and COVID-19 death 
rate in India 

Positive correlation Mele and 
Magazzino (2021) 

NO2 6 
administrative 
regions in 
Italy, Spain, 
France, and 
Germany 

January to 
February 2020 

Contribution of long-term exposure to NO2 on 
coronavirus fatality 

Positive correlation Ogen (2020) 

SO2 and O3 USA and China 12 December to 
22 April 2020 

Positive association of ambient air pollutant of SO2 

and Ozone concentration with a high risk of 
COVID-19 spread 

Positive correlation Xu et al. (2020)  

Fig. 2. SARS-CoV-2 transmission via airborne particles and multiple pathways to multimedia and the built environment. Note: Agent to host transmission and then 
host to host transmission: animal to human transmission (A), human to human transmission (B), human to animal transmission (C); virus-laden-aerosol deposit and 
transmission into various environments multimedia (D–G). 
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suggested that SARS-CoV-2 generally remained for a longer duration in 
2− 5 µm size particles. The residence time of ultrafine particles in the air 
is in the order of days to weeks, allowing transport up to thousands of 
kilometers in the atmosphere compared to the coarser particles (Wei 
et al., 2016). Gravity is the dominant mechanism for large droplets over 
Brownian motion (Zhou et al., 2020). Whereas smaller particles usually 
evaporate before reaching the surface, the evaporated residues persist in 
the atmosphere for a longer time (Jayaweera et al., 2020). These small 
droplets are also known as bioaerosols when they contain infectious 
viruses such as SARS-CoV-2 (Thompson, 2020). Even the liquid portion 
of the particle evaporates, the bioaerosol residue lingers for an extended 
time and can disperse easily in the air (Jayaweera et al., 2020). Table 2 
shows that SARS-CoV-2 concentration is primarily found in respirable 
particles than inhalable size. Interestingly, it is observed based on 
Table 2 that a higher concentration of virus is found in personal pro
tective equipment (PPE) disposal room, 12− 40 (× 103) SARS-CoV-2 
RNA copies/m3 for particles less than 1 μm, and 2.0− 8.0 (× 103) 
SARS-CoV-2 RNA copies/m3 for 1 to 4 μm particle size. In medical staff 
offices, higher value, i.e., 7 (× 103) SARS-CoV-2 RNA copies/m3 for less 
than 1 μm and 13 (× 103) SARS-CoV-2 RNA copies/m3 is observed. 
Whereas 1− 4 μm size aerosols are found in the public area toilets 
contaminated with 1545 SARS-CoV-2 copies/m3. The reason is toilet 
flushing might generate aerosol droplets that rise into the air to one 
metre if the lid is not closed (Laura Howes, 2020). 

As presented earlier in Table 1, environmental conditions, including 
air quality, may influence the transmission through aerosol or airborne 
particles. Another person inhaled these particles or these particles 
deposited onto the ground/soil/surface. Twohy, Coakley, and Tahnk 
(2009) suggested that besides temperature, humidity in the atmosphere 
could cause a considerable growth of hygroscopic aerosol particles, 
which might offer a large surface area for adsorption in the atmosphere. 
Thus, it is crucial to understand the optimal humidity range in which the 
virus could be stable in aerosol particles. van Doremalen et al. (2020) 
studied that the survival rate of SARS-CoV-2 in aerosols was 3 hrs with a 
half-life of 1.09 h at 65% RH and 21◦C–23◦C temperature and compared 
it with SARS-CoV having 1.18 hrs half-life at same environmental. 
Smither et al. (2020) reported, based on the experimental study, that 
SARS-CoV-2 was more stable at 40–60% RH (decay rate, 2.27 percent
age per min) as compared to 68–88% RH (decay rate, 0.40 percentage 
per min) in artificial saliva. Conversely, the opposite analysis was 
observed in tissue culture media, with a 0.90 percentage per min decay 
rate at medium RH and a 1.59 percentage per min decay rate at high RH. 

3.2.2. Stability of virus-laden-aerosol in the built environment 
Several past investigations have shown that the virus has higher 

transmission in confined indoor spaces (e.g., restaurants, shopping 
centres, cruise ships), workplaces (offices, factories), and indoor events, 
religious gatherings, parties, and transport vehicles (Qian et al., 2020). 
Especially in crowded places, the risk of COVID-19 disease transmission 
is higher, where it is challenging for individuals to remain spaced at least 
6 feet apart (Thompson, 2020). For example, in 2020, 1.9 million people 
got infected in carnival celebrations in Germany and football matches in 
Italy (Bergamo city), highlighting the risk of crowding events outdoor 
(Sassano et al., 2020). At a call centre in South Korea, more than 43.5% 
of employees (total number of employees 216) got infected, indicating 

widespread transmission in a crowded indoor workplace environment 
(Park et al., 2020). Two people died, and approximately 103 people had 
tested positive amongst 2460 passengers and about 1111 crew members 
in Grand Princess cruise ship, USA (Shen et al., 2020). In another case, 
24 of 68 people were tested positive on a bus in Ningbo City, Zhejiang 
Province, China (Shen et al., 2020). Forty people were found with 
COVID-19 at a shopping mall in Tianjin, China (Tang et al., 2020a). 

Efficient heating, ventilation, and air conditioning (HVAC) systems 
help reduce the spread of the virus (Dietz et al., 2020). Higher ventila
tion is suggested to reduce the risk of airborne infection, also known as 
dilution ventilation (Qian et al., 2020). However, high ventilation also 
increases energy consumption and operating cost. Sha et al. (2021) 
suggested ventilative cooling and dilution ventilation that could reduce 
energy consumption in high-rise buildings and, thus, reduce the risk of 
virus transmission. Henriques et al. (2021) reported that natural venti
lation strategies might be used in enclosed spaces such as offices 
regardless of the season since it is twice as effective during winter 
compared to summer. Viruses are found to be associated with particles 
in a range of sizes. Some of these particles could potentially penetrate 
high-efficiency filters, and a proper filtration system could reduce 
aerosol transmission risk. Operational factors in facilities such as air 
conditioning and ventilation play a vital role in indoor virus trans
mission regardless of outside environmental conditions (Dietz et al., 
2020). It was reported that the virus present on the hospital bed could 
spread within 10–18 hrs to other fomites, including door handles, chairs 
in a waiting room, and books in different rooms (Lanese, 2020). 
SARS-CoV-2 can survive on fomite surfaces such as tissue papers and 
printing papers in offices for up to 3 h; treated-wood and furniture for up 
to 2 days; can stay longer on smoother surfaces, such as banknotes and 
glass surfaces up to 4 days; and can survive up to 7 days over the 
stainless steel and plastic surfaces (Chin & Poon, 2020). Another study 
reported that SARS-CoV-2 remained active for 8 h to 1 day on copper 
and 1–2 days on cardboard (Aboubakr et al., 2020). Table 3 shows that 
that concentration of virus in aerosols and fomite surfaces at various 
areas under hospital environment setting. 

Based on Table 3, It was found that the Intensive care unit (ICU) 
indoor air had higher virus concentration followed by the air around the 
patients and air near the doctor compared to other areas. The virus was 
found usually on some patients’ masks, trash cans, computer mouse, 
bedrail, patient’s bed floor, pharmacy floor, hospital’s telephone, air 
exhaust surface, personal protective equipment (PPE) changing room, 
including shoe soles, sleeves, and gloves. In some studies, virus-laden 
aerosols were found in bathrooms. However, room ventilation, open 
spaces, and sanitization could limit the virus concentration in the air 
(Liu et al., 2020b). Table 3 also shows that values of the virus might 
depend on the sampler and air sampler flow rate. Dumont-Leblond et al. 
(2020) suggested that the air sampled volume might be increased using 
a high-flow sampling rate to capture maximum virus. However, the 
SASS® 2300 detecting the virus was unsuccessful using 300 L/min with 
a sampling time of 30 min in Guo et al. (2020) study. It indicates that the 
virus may be degraded or desiccated by increasing the flow rate without 
optimizing the sampling time. The instrument’s short sampling time 
could also have reduced the chances of catching aerosols that the 
infected patient randomly produces. 

Table 2 
Aerosol size distribution and virus concentration in the built environment.  

SARS-CoV-2 RNA genome copies/ m3 0.103 

Aerosol size distribution Patient room Outside patient room PPE removal room Clinical sampling area Medical staff offices Toilet 

Refs. Chia et al. (2020) Chia et al. (2020) Liu et al. (2020) Lee (2020) Lui et al. (2020) Zhou et al. (2020) 
<1 µm – – 12–40 – 7 – 
1− 4 µm 1.3 0.92 2–8 – 13 1.55 
4− 10 µm 2 0.93 – 2.35 – – 
>10 µm – – – 0.7 – – 

Note. – means measured but found undetectable. 
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Table 3 
Concentration of SARS-CoV-2 in aerosols in hospital indoor environment.  

Hospitals Huoshenshan Hospital 
Wuhan, China Guo 
et al. (2020) 

Hospital of Guangzhou 
Medical University 
(FAHGMU), China Lei 
et al. (2020) 

Renmin 
Hospital, 
Wuhan, China  
Liu et al. 
(2020a) 

Fangcang Field 
Hospital Wuhan, 
China Liu et al., 
2020a) 

North West London 
teaching hospital, 
London, UK Zhou 
et al. (2020) 

Institut Universitaire de Cardiologie et 
Pneumologie de Quebec (IUCPQ), 
Canada Dumont-Leblond et al. (2020) 

National Centre for 
Infectious Diseases, 
Singapore Chia et al. 
(2020) 

University of Nebraska 
Medical centre, USA  
Santarpia et al. (2020) 

Type of 
sampling 

Air Fomite Air Fomite Air Air Air Fomite Air Air Air Fomite Air Fomite 

Devices/ 
method used 
during the 
study 

SASS 
2300a 

Swabb NIOSHc Swab Air sampler with gelatine filtersd Coriolis μ 
air 
samplere 

Swab Air sampler with 
gelatine filters 

37 mm cassettef NIOSH Swab Airport MD8 
g 

Swab 

Sampler flow 
rate (L/min) 

300 NA 3.5 NA 5 NA 100 NA 10 NA 3.5 NA 4–50 NA 

Sampling time 30 min 4 hr 30 min – 300 min – 10 min – 4,6, 18 hrs – 4 hr – 15 min – 
Units Copies/ 

L 
Copies per 
sample 
(0.103) 

Copies/ 
mL 
(0.105) 

Copies per 
sample 
(0.105) 

Copies/m3 Copies/m3 Copies/m3 % Copies/m3 Copies/m3 Copies/m3 % Copies/L % 

Isolation wards  
23.25–208.33 
(overall values in 
patient’s room and 
hospital)  

9.86–514.87 
(overall values in 
patient’s room 
and hospital)   

916–2000 
(overall 
values in 
wards)   

Patient masque NA 3.3 – 0.98–700 – – – – – – – 
Trash can NA 34 – – – – – – – – – 
Computer 

mouse 
NA 28 – – – – NA 62–82 – – – 

Bed handrail or 
near bed 

NA 43 – .0022 – – NA 39–57 59 40 – 

Indoor air near 
patient 

1.40 NA .0045- 
8.3 

– – – – – – 2.42- 45 – 

Indoor air near 
the doctor 

0.52 NA – – – – – – – – – 

Doorknob NA ND – – – – – – 48 – – 
Air in ward ND NA 700 – ND ND 7048 NA 60 i – – 
Patient’s room 

floor 
NA 66 – .0022 – – – – 65 – 7–30 

Patient mobile – – – ND – – – – – – 15 
Intensive care 

unit 
3.80 NA ND ND 113–31h ND 720 ND – – – 

Pharmacy or departmental stores  
Pharmacy floor NA 74.5 – – ND 3 – –  – – 
PPE and changing room  
PPE   – – ND 16–42 – – – – – 
Sleeve cuffs NA 7.10 – – – – –  – – – 
Gloves NA 2.90 – – – – –  – – – 
Shoe sole NA 32 – – – – –  – – – 
Bathrooms – – 170- 700 – ND 19 464 69–81 32 28 – 
Staff office, and other stations  
Telephones – – – – – – NA 35–43 – – – 
Workstation ND ND – – ND 1–9 ND ND – – – 
Staff office ND ND ND ND ND 6–20 404 ND – 20.03 – 
Public area and halls  
Public area – – – – 7 3 1545 NA – – – 
hallways – – – – 6 ND 1574 NA – 0.979–8.688 – 

Notes. ND, Not determined. NA, Not applicable. –, means not included in the study. 
a SASS 2300 is a Wetted Wall Cyclone Sampler. 
b Swabs are wetted with viral transport medium (VTM) prior to sample collection and then placed in 15-mL tubes for further lab analysis. 
c NIOSH (National Institute for Occupational Safety and Health) cyclone bioaerosol sampler. 
d IOM sampler with 3 µm gelatine filters (Sartorius Biotech, Gottingen, Germany). 
e air samples collected into a conical vial containing 5 mL Dulbeccos’s minimal essential medium (DMEM) using a Coriolis μ air sampler (Bertin Technologies). 
f 37 mm cassette sampler with 0.8 µm polycarbonate filters (PC) (SKC, Eighty-Four, PA, USA). 
g Sartorius Airport MD8 air sampler. 
h The reported values are virus aerosol deposition rates in copies m− 2 h− 1. 
i Sample collected from exhaust surface. 
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3.2.3. Evidence of virus in wastewaters with aerosolization 
Despite the COVID-19 pandemic spread across the globe, wide- 

ranging access to testing at the community level has thus far been 
constrained. While it is challenging and time-consuming to test every 
occupant for SARS-CoV-2, the virus has been found in the positive pa
tient stool (Wu et al., 2020b). Thus, wastewater-based epidemiology 
could be one way to detect pathogens across the communities and es
timate population incidence without individual testing (Zahedi et al., 
2021). The chemical composition of faecal matter is mostly organic and 
can encourage the extended survival of the virus (Wu et al., 2020b). 
Thus, poor sanitation conditions, coupled with insufficient hygienic 
practices, can potentially spread the virus via fomites. Wang and Liu, 
(2021) study shows that wastewater plays a vital role in the transmission 
of COVID-19 within a city. SARS-CoV-2 can spread via oral, fomite, or 
flushing-aerosol routes that eventually reach the sewage systems (Wang 
& Liu, 2021). Sherchan et al. (2020) found SARS-CoV-2 first time in 
wastewater in Louisiana, USA. Medema et al. (2020) reported the 
SARS-CoV-2 viral RNA detection in wastewater from water resource 
recovery facilities (WRRFs) in seven different cities in the Netherlands. 
In another example, La Rosa et al. (2020) observed SARS-Cov-2 first 
time in the wastewater treatment plant influent in Milan and Rome, 
Italy. 

Fig. 3 shows the concentration of SARS-CoV-2 (genome copies/day) 
in wastewater from Coronavirus Wastewater Monitoring Network- Ohio 
(Pataskala-WWTP), Ottawa covid-19 wastewater surveillance, and two 
of the Utah SARS-CoV-2 sewage monitoring surveillance dashboards, i. 
e., Price River-Water Improvement District (WID) and Salt Lake City- 
Water Reclamation Facility (WRF). The maximum concentration 

observed in Price River-WID wastewater is 2.93 × 1012 genome copies 
(GC) per day in November 2020, having the highest number of positive 
cases (150) on the same day. In Salt Lake City-WRF, the maximum 
concentration of virus in wastewater is 6.57 × 1013 GC per day Fig. 3. (c) 
shows the 6.52 × 1011 SARS-CoV-2 GC per day in the influent of 
Pataskala-WWTP as the highest concentration. The examples show that 
surveillance helps to identify an increase in the number of cases without 
testing. Ottawa, a wastewater surveillance program, represented the 
virus concentration data in normalized GC as shown in Fig. 3 (d). 

3.2.4. Presence of virus in freshwaters 
Past outbreaks have an evident history that a virus might exist in 

surface water, groundwater, drinking water, and recreational water (Li 
et al., 2020). Whether the SARS-CoV-2 virus can spread through water is 
not clear. Although there is no evidence showing the link of transmission 
of coronavirus or its survival in water bodies. A few studies reported that 
the high concentration of SARS-CoV-2 virus was detected in natural 
waters from a low sanitation region, such as the sewage discharge points 
in urban rivers of Quito, Ecuador (Guerrero-Latorre et al., 2020). In 
April 2020, minuscule traces of the coronavirus were found in Paris’s 
non-potable water used for parks, gardens, and cleaning streets drawn 
from rivers and canals (Al-Arabiya News, 2020). In Italy, the viral RNA 
was found in the Lambro River and Lambro Meridionale River samples 
(Giacobbo et al., 2021). The possible source of SARS-CoV-2 in fresh
water is the discharge of raw sewage into surface water (Guerrer
o-Latorre et al., 2020). As in some developing countries (e.g., Brazil, 
Ecuador), there is a lack of separation of urban runoff water from 
sewage, leading to combined sewage overflows and disposal of sewage 

Fig. 3. SARS-CoV-2 genome copies (GC)/day in wastewater compared to COVID-19 cases per 100,000 population from October to December 2020 with the time 
interval of 7 days: (a) Price river water improvement district (WID) in Utah, (b) Salt Lake City water reclamation facility (WRF) (Utah department of environmental 
quality, 2021); (c) SARS-CoV-2 genome copies (GC)/day in wastewater compared to COVID-19 daily count cases for Pataskala wastewater treatment plant (WWTP), 
Licking County, Ohio (Ohio Department of Health, 2021); (d) Normalized SARS-CoV-2 GC compared to daily counts of positive cases for Ottawa wastewater (Ottawa 
COVID-19, 2021). Notes. *Normalized copies: In wastewater, the proportion is from human waste, and the other proportion is from rainwater, snowmelt, etc. Viral 
copy data is normalized to subtract the runoff data using a seasonally stable faecal biomarker. 
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without proper treatment into surface waters is a common practice 
(Giacobbo et al., 2021). Another way that virus may enter the water 
bodies are improper disposal of single-use personal protective equip
ment (PPE) waste (e.g., face masks, face shields, gloves) (Tran et al., 
2021). Unlike professional health care partitioners, most residents 
disposed of their masks and gloves with the mixed waste stream, which 
did not enter the treated biomedical waste stream (Benson et al., 2021). 
It has been reported that approximately 3.4 billion single-use PPE waste, 
including facemasks, are discarded daily globally during the COVID-19 
pandemic (Benson et al., 2021). A considerable amount of PPE waste has 
escaped these waste streams, thus, ultimately washing up along coast
lines and freshwater; hence residual viruses from this waste may enter 
the freshwater (Tran et al., 2021). As discussed earlier, evidence of the 
SARS-CoV-2 is found in the aqueous environment; however, no study on 
its persistence and survival in freshwater is available (Giacobbo et al., 
2021). Past literature investigated that the SARS-CoV-1 could survive at 
4− 20 ◦C in the aqueous environment (Tran et al., 2021). Some studies 
also discussed that SARS-CoV-1 could persist in dechlorinated tap water 
for two days (Guerrero-Latorre et al., 2020). Such investigations should 
be made for the existence of SARS-CoV-2 under various environmental 
factors such as pH, temperature, UV index, and the presence of organic 
matter (Giacobbo et al., 2021). Recent studies started to examine if the 
SARS-CoV-2 virus could survive in streams and rivers under flow con
ditions and temperature (Dennehy, 2020). 

3.2.5. Presence of virus in soils with aerosol deposition 
As discussed in previous sections, research evidence has shown that 

the SARS-CoV-2 virus is found in air and wastewater, but few attempts 
are made to assess virus transport to soils (Núñez-Delgado, 2020). In 
general practice, wastewater is applied to irrigation or directly onto the 
soil surface in the absence of a nearby water stream or canal (Zhang & 
Shen, 2019). If sewage is applied without treatment, there are equal 
chances of soil and plant contamination, and the virus may become part 
of the food chain (Núñez-Delgado, 2020). Survival and transmission of 
viruses to groundwater depend on certain factors such as soil texture, 
adsorption property, organic matter, pH, moisture content, perme
ability, ionic strength, iron oxide level, and electric conductivity 
(Kimura et al., 2008). Also, environmental conditions, including rainfall, 
sunlight, and temperature, might associate with the transmission of the 
virus (Kimura et al., 2008). As far as viruses responsible for a pandemic 
are concerned, very few studies are available. For example, Buchy and 
Gutiérrez (2012) examined what type of soil was responsible for avian 
influenza virus transmission to animals under experimental conditions. 
It was found that soil collected from buildings and local nurseries in 
Cambodia could transmit the virus with a 100 % mortality rate in 
chickens than sandy soil from the rice field. However, natural conditions 
under different environmental settings might have a different conclu
sion. Recently, Zhang et al. (2020) found SARS-CoV-2 in 15 different soil 
samples (205–550 copies/g) close to the hospital in Wuhan. It could be 
that viruses in soil samples exhibited transmission potential through the 
aerosol deposition. These aerosols might be virus-laden droplets of 
COVID-19 patients in the hospital (Tang et al., 2020b). SARS-CoV-2 
likely arose from raw wastewater before treatment and eventually 
deposited on soils. Future study can explore further how SARS-CoV-2 
finds its way to host via soil transmission and under what environ
mental settings, virus transported to groundwater through the soil 
column. 

3.2.6. Presence of virus in biota and reverse-zoonosis 
Public health authorities, including the WHO, Food and Drug 

Administration (FDA) in the United States, and other regional food au
thorities, advised that there is currently no association that SARS-CoV-2 
virus can transmit through food. However, some incidents have been 
reported, such as the viral particle was found on a cutting board used to 
process imported salmon at the Xinfadi agricultural market in Beijing 
(Han et al., 2020). In July 2020, approximately 8− 9 cases of food 

contamination were reported, where viral particles of SARS-CoV-2 were 
detected on the packaging material of imported frozen shrimps imported 
from Ecuador (Han et al., 2020). In a later incident in Shenzhen, China, 
in August 2020, the virus was found in the packaging of frozen chicken 
wings (originated from Brazil), which became the first reported case 
where the coronavirus was found on food samples (Schwiegershausen, 
2020). Recent studies reported that the virus remained stable on fish, 
and meat, for the 14–21 days at refrigerated and freezing temperatures 
(− 20 and − 80◦C). Thus, food items are indirect at risk from farm to 
processing to the table, and further studies are needed to get more strong 
evidence (Fisher et al., 2020). 

The above discussion shows that transmission could be from humans 
to food supplies or even to animals, indicating reverse zoonosis with the 
pathogen being transmitted from a person to another animal species 
(Munir et al., 2020). If this is possible for the SARS-CoV-2 virus, it could 
become problematic for other animal species to become potential res
ervoirs for secondary zoonotic infections (Munir et al., 2020). Many 
studies report transmission from infected owners and handlers to ani
mals. For example, Mallapaty (2020) reported that a cat was tested 
positive because of the infected pet owner. Several tigers and lions tested 
positive in zoos due to close contact with infected employees in New 
York City (USDA, 2020). Sit et al. (2020) reported 2 out of a 15-dog 
sample tested positive in Hong Kong. In farms, sixteen minks were 
tested positive in various states (Utah, Oregon, Michigan, Michigan) 
(USDA, 2020). Forty-nine cats and thirty-five dogs reported testing 
positive in different US states (Munir et al., 2020). Oreshkova et al. 
(2020) reported interstitial pneumonia and SARS-CoV-2 RNA in organ 
and swab samples of minks in two farms in the Netherlands. Hence, till 
now virus has been detected in pets (dog and cat), Zoo animals (tiger, 
lion), and farm animals (Mink) through pet owners, animal caretakers, 
and farmworkers, respectively. There are scarce chances that the virus 
could transmit via contaminated feed or from an animal to animals in a 
cage or Zoo. However, there are some experimental cases where studies 
showed mild to moderate symptoms (Munir et al., 2020). SARS-CoV-2 
infections caused none to mild respiratory signs. Food safety and 
reverse zoonosis require an in-depth investigation (Zhang et al., 2020b), 
including the transmission of the virus from the host or environmental 
surfaces to susceptible animals. 

3.3. Opportunities to integrate environmental factors into modelling 
techniques to understand dynamics of COVID-19 

The mathematical modelling of pandemic diseases is advantageous 
in understanding epidemiological prototypes of viruses such as estima
tion of confirmed cases, recovery rate, and death by region; that infor
mation help decision-makers to implement social distancing 
measurement and other interventions (Naik et al., 2021; Sharif et al., 
2021). However, these models are silent in investigating the evolution of 
the virus in response to climatic variation; and assume that the infection 
rate is constant with a homogenous environment (Merow & Urban, 
2020). Environmental factors can influence the virus infection rate in 
two distinct ways: (1) From an epidemiological viewpoint, the spread of 
a virus depends on certain environmental conditions (Matthew et al., 
2021) (as discussed in Section 3.1). (2) From a social behaviour 
perspective, weather influences mobility patterns and social distancing, 
affecting the virus spread across various regions (Sharif et al., 2021). 
Therefore, environmental granularity enables scientists to predict the 
situation closest to reality. In this section, various approaches are 
examined to understand the dynamics of COVID-19 by incorporating 
environmental factors. The statistical correlation of COVID-19 cases 
with the seasonal variations, transmission pathways, risk assessment to 
identify hot spots, and forecasting of virus spread under various envi
ronmental scenarios; all these opportunities are a way forward to com
bat the pandemic. As shown in Fig. 4, the outcome of these tools would 
help to update the impact and forecast risk of future outbreaks and onset 
pandemic waves under various environmental conditions and assist 
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policymakers in implementing non-pharmaceutical policies (e.g., lock
down) and planning, and proactive community actions. 

3.3.1. Statistical models to implicate environmental factors with COVID-19 
Emerging pandemics such as the “severe acute respiratory syn

drome” (SARS) of 2002–2003 and the “H1N1 swine flu” of 2009 show 
the importance of environmental conditions in the spread of infection 
and early outbreak detection (Hodges & Jackson, 2020). Toward this 
aim, the statistical modelling approach has boosted the potential in 
combating such pandemics, allowing for assessing emerging situations 
from an environmental perspective. The uncertainty in the data and the 
choice of the most suitable methodology are critical for constructing 
statistical models to examine the impact of climatic factors and air 
quality on the spread of the SARS-CoV-2 virus. For example, Tosepu 
et al. (2020) applied Spearman rank correlation analysis to associate 
weather conditions with COVID-19. Wu et al. (2020a) applied binomial 
regression and found that 1 µg/m3 increased in PM2.5 concentration was 
associated with the COVID-19 death rate by 8 %, after evaluating death 
counts for more than 3000 counties in the United States (representing 
98% of the population of entire USA) up to April 22, 2020. Gupta (2020) 
used descriptive analysis to study the effects of weather conditions (e.g., 
temperature, wind, humidity) on the virus spread. Liu et al. (2021) used 
principal component analysis and the Pearson correlation coefficient to 
build a multiple linear regression model to investigate the impact of the 
built environment and urban density on the incident rate of COVID-19. 
Other statistical methods used to correlate climate change, meteoro
logical factors, and seasonal variation with COVID-19 include multi
variate linear regression (Pirouz et al., 2020), a time-series additive 
model (Qi et al., 2020), Bayesian approach (Merow & Urban, 2020). It is 
concluded that the statistical approach assists in correlating the envi
ronmental conditions with the spread of the SARS-CoV-2. However, 
these studies do not discuss transport mechanisms such as aerosol 
dispersion, multiple transmission pathways, or transmission to other 
environmental mediums. 

3.3.2. Environmental models to estimate virus-laden-aerosol transport 
The physical process-based environmental models determine the 

aerosol route while considering other environmental factors, including 
wind speed, temperature, humidity, to help identify dynamic exposure 
risk. For instance, Peng et al. (2020) demonstrated the effect of airflow 
on virus transmission in different environments (e.g., hospitals, school 
buildings) using the computational fluid dynamics (CFD) modelling 

approach and emphasized the significance of ventilation Bhattacharyya 
et al., (2020). also used CFD simulation to understand the spread of 
COVID-19 in hospitals’ isolation rooms. In recent studies, Zhang et al. 
(2021) measured the SARS-CoV-2 transmission within the bus using CFD 
and experimental HVAC conditions. It was found that well fitted surgical 
masque and the effect of opening windows reduced the concentration to 
half. Desai et al. (2020) used CFD to study the optimum seat in the first 
business and economy section of the commercial plane, considering the 
temperature, air velocity, and CO2 mass fraction, which would help the 
public to decide which seat to occupy for their next flight during 
COVID-19 travelling. Moreover, air dispersion models such as AERMOD 
(Rezaali & Fouladi-Fard, 2021), and the three-dimensional Lagrangian 
dispersion models (Zhang et al., 2020b) were used to determine the 
virus-laden-aerosol dispersion under the ambient meteorological con
ditions to understand the exposure COVID-19 risk in the outdoor 
environment. 

The ecological niche models (ENM) are mathematical-based and use 
process-based or biophysical approaches and have been essential to 
assessing diversity and disease distributions, indicating its application 
for spatial epidemiology. ENM predicts the viral particle distribution 
based on at least two organisms (i.e., host-virus; infected-susceptible), 
and biotic interactions lie at the core of the virus’s ecological niche 
(Escobar, 2020). Recent studies to predict COVID-19 infection rate in
dicates that the ENM approach could study the probability distribution 
of virus in the environment (Coro, 2020). 

3.3.3. Modelling epidemics with compartmental models 
Compartment models are the deterministic type of epidemic model 

with ordinary differential equations, which is widely applied for infec
tious diseases (Thompson, 2020), in which each compartment is 
assigned with a category, e.g., “Susceptible” (S), “Infectious” (I), 
“Exposed” (E) or “Recovered” (R), and a susceptible person after getting 
infected is considered in “Infectious” category. Compartmental models 
are often based on Markov chains, which include SIR (Suscepti
ble-Infected-Recovery), SEIAR (Susceptible-Exposed-Infected-Asympto 
matic-Recovery), and SEIR (Susceptible-Exposed-Infected-Recovery) 
methods (Tolles & Luong, 2020). Thompson (2020) applied SIR model 
simulations to predict the effects of different non-pharmaceutical miti
gation measures on several COVID-19 cases in the UK. The reported 
studies related to compartment models are mostly based on virus 
transmission mechanisms from individual to individual. They often as
sume a homogenous environment and epidemiological parameter 

Fig. 4. Thematic aspects of various modelling techniques, their objectives, and outcomes to combat COVID-19 by incorporating environmental factors.  
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considering known viruses, which is hardly suitable for heterogeneous 
conditions and evolving viruses (Tang et al., 2020a). Recently, Mahrouf 
et al. (2021) extended the conventional SIR compartmental model to a 
stochastic time-delayed model to predict the epidemiological trend of 
COVID-19. Hence, a stochastic (random) modelling framework has been 
used for influenza pandemics (Chang et al., 2014) and could extend the 
compartment models while incorporating heterogeneities in the popu
lation. Tuite et al. (2020) developed an SEIR-compartment model to 
estimate the number of COVID-19 cases in Ontario, Canada, different 
physical distancing scenarios, case detection, and isolation to support 
risk assessment and policy planning. During the COVID-19 waves, many 
countries enacted lockdown orders (Thompson, 2020). However, the 
policy makers must decide when to reopen the places, including schools, 
offices, gyms, and restaurants, or implement additional restriction pol
icies. Chang et al. (2020) developed the SEIR model to capture the ef
fects of mobility patterns on the spread of the virus and predict the 
people at risk across various census block groups (CBG) in the USA (The 
US census bureau uses CBGs; they are geographical units contain 600 to 
3000 people). The number (Nci) of COVID-19 cases shows how many 
populations in CBG (ci) are in each disease state; where Nci is equal to the 
sum of Suspected (Sci), Exposed (Eci), Infectious (Ici) and Recovered (Rci) 
states. The following expression shows the distribution of the overall 
number of new exposures in CBG (ci) at the time (t) considering the 
mobility pattern to the point of interests (POIs) (e.g., restaurants, gyms, 
grocery stores, and other non-residential places) (Chang et al., 2020). 
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NSci→Eci is the number of new exposures, i.e., transition from the 
suspected population to the exposed state at the hour (t). λpj is the rate of 
infection at the point of interest (POIs) pj and represented as Poisson 
distribution. ωij is the number of people travelling from CBG (ci) to POI 
pj at t. λci is the base infection rate independent of visiting POIs and is 
distributed as binomial. Ψ is the transmission constant shared amongst 
all POIs and usually has a value of one. apj is a physical size in square 
feet. dpj is the median dwell time fraction d ∈ [0, 1] of an average visitor 
to pj. It is assumed that the proportion of infectious population amongst 
the ωkj visitors to pj from a CBG (ck) mirrors the overall density of in
fections [Ick/ Nck] in that CBG. In addition to visiting POIs, it is assumed 
that each susceptible in CBG (ci) has a probability of getting infected 
considering the base transmission rate (βbase). Overall, such compart
ment models help to understand the situation in metropolitan regions 
and restrict the maximum occupancy capacity at each point of interest. 

3.3.4. Risk assessment methods to evaluate the COVID-19 risk 
Risk assessments are generally based on four significant factors: 

health, behaviour, exposure, and social policy. Risk assessment model
ling help to estimate the probability of undesired consequences because 
of exposure to the virus. Such a modelling approach can successfully 
quantify risks due to COVID-19 to measure the probability of infections/ 
deaths and support decision-makers in understanding the likelihood of 
an action’s outcomes and making informed decisions (Oliveira et al., 
2020). Andersen et al. (2021) developed a population risk calculator for 
COVID-19 mortality using the Poisson regression model based on 
pre-existing conditions for the US and various sociodemographic factors. 
Zhang et al. (2020a) used a dose-response model to evaluate the infec
tion risk of SARS-CoV-2 via aerosol transmission in China; the study was 
based on a quantitative microbial risk assessment (QMR) approach 
assuming an infected shopkeeper and assessing risk outside the market 
while considering the ambient wind conditions. A quantitative risk 
assessment of the viral disease and its spread via different transmission 

routes is difficult to evaluate their relative importance and strategize the 
control measures (Ashinyo et al., 2020). However, to avoid uncertainty 
in the analysis, it is suggested to incorporate real-time data of 
SARS-CoV-2. Risk assessment tools could be implemented as an early 
warning system at workplaces and help to establish whether an 
employee should return to the workplace or continue working remotely 
from home (Cook & El-Boghdadly, 2020). 

3.3.5. Artificial intelligence method for forecasting of virus spread 
Methods based on Artificial intelligence (AI) could be useful for 

finding the most suitable predictive model to forecast the maximum 
number of infected persons or recovered persons (Car et al., 2020). The 
AI-based method simulates the non-linear virus behaviours with or 
without human intervention. AI techniques have been used in medicine 
and health, including the neural network model to deep learning tech
niques. Unlike the if-then rules used in conventional computer pro
gramming, AI methods follow the decision-making process using two 
primary approaches. The first significant approach is supervised ma
chine learning aiming to build up a predictive algorithm based on data 
analysis like regression and classification methods. Classification 
methods used in the prediction of infectious diseases in the past are 
“mixed linear regression (MLR)”, “artificial neural network (ANN)”, 
“decision tree (DT)”, “support vector machine (SVM)”, “Random forest 
(RF)”, “gradient boosting decision tree (GBDT)”, and “Bayesian Network 
(BN)” (e.g., Agany et al., 2020). The other AI approach is based on un
supervised machine learning, which permits computers to discover large 
amounts of unclassified data and learn treatment patterns. For example, 
Car et al. (2020) used an artificial neural network (ANN) model to study 
the spread of the Covid-19 and predicted the number of people who may 
contract the disease, recovered cases, and mortality rate per area each 
time unit. Pan et al. (2021) used the random forest (RF) machine 
learning method to understand the pandemic dynamics and make 
time-series predictions for Asian countries. 

Table 4 shows the advantages and limitations of some of the essential 
modelling techniques discussed above, which could be used to predict 
the virus, associate socio-environmental factors with the spread of the 
virus and assess risk during the pandemic. 

3.4. Strategies to tackle COVID-19 based on the One-Health approach 

3.4.1. Environmental-assisted modelling system 
There is no model or a framework that could address all the aspects 

of the outbreak and intrinsic factors such as environmental conditions, 
aerosol transmission to the multimedia environment, socio-economic 
factors, and the spatiotemporal disease pattern. Instead of building a 
complex model that may be subject to uncertainties challenging to 
parameterize and validate, Scoones et al. (2017) suggested an integrated 
modelling approach based on the OH concept. However, OH does not 
guide which model is suitable for predicting and controlling the disease 
but encourages combining models within the domain of virus disease 
dynamic modelling. For instance, spatial approach integration with 
conventional mechanistic epidemiological models might help to 
consider movement networks and geographical parameters influencing 
the disease spread (Allen et al., 2012). Scoones et al. (2017) recom
mended integrated process-based compartmental models using the OH 
approach, which can offer a spatial perspective on potential control of 
diseases (e.g., Lassa fever and Ebola virus). However, without insights 
from the transmission pathways to the multimedia environment and 
environmental drivers, it is crucial to better comprehend the dynamics 
of the disease first before proposing the OH-based integrated mode. 

Previously, various OH-based developments were reported. For 
example, a strategic framework based on the OH approach was devel
oped at the government level to prevent and control emerging infectious 
Nipah virus diseases in Bangladesh with WHO and FAO department 
(Ambat et al., 2019). In response to MERS-CoV in Qatar from 2012 to 
2017, the OH approach was used (Farag et al., 2019). The road map of 
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OH includes surveillance, investigation, epidemiological studies, and 
increased local diagnostic capacity (Farag et al., 2019). 

Another future aspect of the OH approach is strengthening the 
management system’s capacity by integrating with effective monitoring, 
risk assessment tools, and decision-making tools. Establishing the OH 
platform plays a crucial role in early warning systems, emergency pre
paredness, and control of infectious diseases. The quantitative viral risk 
assessment model would help provide the probability of infection for 
human-human transmission or reverse zoonotic and identify risk map
ping of hot spot areas. The decision-making models help to generate 
various scenarios under socio-economic and environmental conditions. 
Examples of advanced surveillance, risk assessment tools, dashboards, 
and optimization methods are further discussed in the next section. 

3.4.2. Advanced surveillance and risk assessment tools 
There is a need for advanced and comprehensive risk assessment 

tools, surveillance, and continuous monitoring to estimate the health 
status, existing medical facilities, and people’s behaviour. Moreover, 
public health surveillance could assist decision-makers in planning, 
managing on time, and becoming an important component of the OH- 
based system. For example, the “WHO Mass Gathering Religious 
Addendum Risk Assessment Tool” in the context of COVID-19 is an 
offline tool for planners and contains a control checklist for organizing 
events and mass gatherings (Chatterjee et al., 2020). “COVID Safe” is the 
Australian app that helps regional officials to contact the susceptible 
group who are vulnerable to COVID-19 quickly. Other such tools include 
“TraceTogether”, “COVIDWatch” (Chaturvedi, 2020). The assessment 
tool allows assessing sufficient measures concerning low to high-risk 
outcomes. The assessment tool also enables the measurement of risk 
assessment through the user’s anxiety level in the current scenario. 

GIS has become an important tool in visualizing the spread of 

COVID-19. Boulos (2004) discussed that GIS-driven virus 
spread-distribution maps such as Map Asia, SARS-GIS, through which 
visual information was provided for the public to locate infected 
buildings and zones during the 2003 SARS outbreak in Hong Kong. GIS 
was also used as an essential tool to help raise the community’s spatial 
awareness for combating the virus, e.g., through an online GIS dash
board to provide real-time data of the spatial distribution of COVID-19 
spread, including the confirmed cases, death rates, and recovery rate 
(Dangermond et al., 2020). Other examples of online GIS dashboards 
include “WHO-Covid19” (WHO-dashboard, 2021), “WorldPop” 
(Worldpop, 2021), and HealthMap (Healthmap, 2021). These dash
boards are readily accessible to the public to track the virus (Kamel 
Boulos & Geraghty, 2020). Although GIS dashboards are handy but 
maximum benefits could be obtained by integrating them with other 
predictive models. 

Internet of things (IoT) linked devices and applications could help 
lower the possible spread of COVID-19 to others by early monitoring. 
Nasajpour et al. (2020) surveyed the role of IoT tools, including robots, 
sensors, drones, wearables, smartphones, and IoT buttons applications, 
in helping the monitoring, warning and control of COVID-19. It is seen 
that IoT applications can be extremely efficient for this pandemic, but it 
is also difficult to consider data privacy. Big data and machine learning 
are promising ways to track infected people and timely preparedness 
against the pandemic. Big data provide a platform to integrate with 
effective modelling techniques such as statistics, environmental models, 
and risk assessment, making it possible to examine the pandemic 
dynamically and increase database capacity. For instance, the efficient 
use of big data methods helping to reduce the number of cases and 
deaths was reported in Taiwan (Wang et al., 2020a). Therefore, AI and 
monitoring data using the internet of things (IoT), could be an equitable 
and digital solution to the decision-makers. 

Table 4 
A state-of-the-art review of modelling approaches for COVID-19.  

Type of Models Examples Advantages Limitation Refs. 

Statistical models Spearman’s rank 
correlation analysis 

Study the correlation between COVID-19 and the 
environment (e.g., temperature, humidity, 
rainfall) and air pollutants 

Metrological factors may have possible nonlinearity 
issues. 
Not consider virus transmissions 

Shakil et al. (2020) 

Regression analysis 
using binomial 

Help to identify the association of environmental 
factors with the spread of the virus 

Need background data of environmental conditions and 
confirmed cases 

Wu et al. (2020a) 

Descriptive analysis Association of environmental factors and 
quantitative summary of COVID-19 daily cases 

Findings are limited to theoretical/empirical 
explanation 

Shakil et al. (2020) 

Environmental 
models 

Lagrangian particle 
model 

Fate and transport of aerosol transmission route 
under environmental conditions 

Neglect the particle-particle interactions. Wang et al. 
(2020a) 

Gaussian plume 
dispersion models 

Predict how much distance bio-aerosol or airborne 
particles may travel away from the infection 
source and spread the virus. 
Can estimate the spread at the field site, livestock 
area 

Cannot quantify the risk at the receptor level, could be 
combined with the risk assessment model. 
Not suitable for indoor air quality 

Van Leuken et al. 
(2016) 

CFD Predict the spread of virus bearing droplets inside 
selected indoor environments, e.g., metro, 
hospitals, buildings 

Not suitable for an open-air environment Bhattacharyya 
et al. (2020) 

Ecological Niche 
model 

Use a computer algorithm to predict the 
distribution of viruses across space and time in a 
particular region using environmental data. 
Could be used to estimate viruses amongst farm 
animals and livestock areas. 

Extensive details for geographical and climatic data are 
required for accurate results. 

Coro (2020) 

Compartment 
model 

SEIR Estimate number of infection cases, reproductive 
number (Ro) of the virus, 
Evaluate the effect of non-pharmaceutical 
strategies 

Assume transmission rate is constant. 
Do not deal with uncertainties. 
Assume no external environmental conditions 

Tuite et al. (2020) 

Risk Assessment 
models 

Poisson regression 
model 

Aid decision-maker to identify mortality rate due 
to COVID-19. 
Statistical distribution of virus spread across the 
region.  

Not incorporate other external factors such as 
environmental conditions. 

Andersen et al. 
(2021) 

AI Artificial neural 
network (ANN) 

Long term forecasting 
Can be used as a surveillance system. 

Complex 
Required large database for training. 

Car et al. (2020) 

Gradient boosting 
machine (GBM) 
approach 

GBM has high accuracy in the prediction of active 
and recovered cases of COVID-19. 

The role of atmospheric factors, like temperature and 
humidity, in the transmission rate of COVID-19, is still 
uncertain and may vary according to location. 

Shrivastav and 
Jha (2020)  
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3.4.3. Decision support system to optimize mitigation solutions 
Decision support tools help build the community’s resilience and 

capacity to control, anticipate, prepare, and manage future risks 
involving pandemic dynamics. During the COVID-19 pandemic, stra
tegic decisions are crucial for the stakeholders, and worldwide resources 
are often allocated inefficiently. However, the attention is focused on 
financial survival and keeping health and safety as a priority. Moreover, 
the evolving nature of the COVID-19 provides additional aspects related 
to the urban areas’ demographic and environmental characteristics, 
including population density, social gathering habits, seasonal varia
tion, and economic factors to identify the risk of the virus spread 
(Sohrabi et al., 2020). The multi-criteria methods were reported useful 
to consider multiple key aspects for the virus risk assessment (De 
Almeida et al., 2017). Various methods such as optimization techniques, 
calibration methods, and AI neural networks can be formulated as 
multi-criteria approaches to assess different scenarios to find effective 
mitigation solutions (Sangiorgio & Parisi, 2020). However, limited 
studies were found on effective decision support tools, specifically 
considering environmental perspectives. Sangiorgio and Parisi (2020) 
integrated optimization and artificial neural network to predict the risk 
and optimize the strategies to restart or limit the local activities during 
lockdown under socio-economic conditions. It is expected that the 
decision-making system helps establish the policy and find equitable and 
optimize the solution, which would help eradicate the disease and act as 
control and adaptation stage during the pandemic. For example, the 
development of decision methods within the OH framework can provide 
technical support to the decision-makers by predicting the new infection 
cases under various scenarios, seasonal variations, and control policies. 
It should reflect the heterogeneous risks of different locations and 
interpret the disproportionate impact of the COVID-19 on public, ani
mal, and ecosystem health. 

4. Discussion 

SARS-CoV-2 is transmitted by aerosol droplets and fomite surfaces in 
different environmental compartments. Different environmental factors 
can affect the viability of SARS-CoV-2 and its distribution to the multi
media environment. Temperature is one of the most significant envi
ronmental factors related to seasonal variations in various regions. A few 
studies discussed spatial variation of distinct locations such as China, 
USA, UK, Brazil, Spain, and India, along with optimal temperature 
range, humidity, and wind speed (Qian Wang et al., 2021). However, 
most of the reported studies covered the first and second COVID-19 
wave, and datasets did not capture the full seasonal cycle for different 
continents, including northern and southern hemisphere regions (Ali & 
Islam, 2020; Sharif et al., 2021). The non-climatic factors such as lock
down duration and population density for the same time span should be 
considered. For instance, the influence of seasonal variation and popu
lation density on the COVID-19 cases in the USA shows that increased 
temperature cannot be considered a substitute for mitigation policies, 
and winter and lower temperature may increase the transmission in
tensity in the absence of mobility restriction policy measurements 
(Smith et al., 2021). In addition to the airborne transmission, the evi
dence of the existence of SARS-CoV-2 in untreated wastewater and river 
water has been found with potential transmission source of infected 
person stool and disposal of sewage into surface water, respectively. 
Continuous wastewater monitoring helps in indicating and tracking 
COVID-19 cases. However, there is seldom any study on the survival and 
persistency of SARS-CoV-2 in wastewater and water environment is 
available in the public domain (Tran et al., 2021). 

In addition to the environmental factors, long-term transmission 
monitoring, inventory analysis of existing resources, trade, and econ
omy of the region should be considered (Ali and Islam, 2020). An 
in-depth analysis of system uncertainty and randomness in the data 
should be considered, particularly for the heterogeneous environment, 
while calculating the reproduction number of viruses (Sharif et al., 

2021). Future studies may combine multidisciplinary models (e.g., 
process models with data-driven techniques and real-time surveillance) 
to overcome this issue (Dangermond et al., 2020). For instance, 
GIS-based tools could also be used for real-time data sharing to support 
critical decision-making. 

5. Conclusion 

COVID-19 is a deadly pandemic globally, which is currently in its 
fourth wave and possibly to enter the fifth wave because of a new 
variant. The assembling of data from various regions shows that COVID- 
19 peak outbreak is observed in winter in most significant hot spots 
(New York, Madrid, Lombardy, and London), having an ambient tem
perature less than 15◦C and 11− 22 (km/h) range of wind speed. In 
contrast, severity in COVID-19 cases is observed in hot-humid seasons 
with a mean temperature above 16 ◦C (e.g., Brazil, Colombia, India, and 
South Africa). Thus, evidence of environmental sensitivity towards the 
COVID-19 infection cases in these humid areas is not strong, providing 
insights into other factors such as population density, mobility pattern, 
and exposure to air pollutants. Respiratory droplets and fine airborne 
particles are the dominant transmission routes of virus transport. Also, 
SARS-CoV-2 can linger longer in the air as the part of respirable size 
particles (1–4 µm) compared to inhalable size. These particles could 
deposit anywhere on the fomite surfaces. The investigation of the indoor 
built environment of hospitals shows that frequent cleaning and venti
lation is necessary as SARS-CoV-2 is found even on doorknobs, PPE 
removal rooms, pharmacy floors, in addition to the patient room. This 
article examines various opportunities and modelling techniques to es
timate the modulation effect of environmental influences on the SARS- 
CoV-2 spread and transmission into a multimedia environment. The 
limitations of these techniques indicate a signal to establish an 
environmental-assisted modelling system based on the OH concept to 
take precautionary measurements and lessons learned from the earlier 
COVID-19 waves. In conclusion, the advanced OH-based integrated 
approach can be used as an effective decision tool for policy and 
decision-makers, agencies, and the public to combat the highly trans
missible virus at various stages and scenarios. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

Acknowledgement 

The authors would like to thank all the participants in the study. 

References 

Aboubakr, H. A., Sharafeldin, T. A., & Goyal, S. M. (2020). Stability of SARS-CoV-2 and 
other coronaviruses in the environment and on common touch surfaces and the 
influence of climatic conditions: A review. Transboundary and Emerging Diseases. 
https://doi.org/10.1111/tbed.13707 

Agany, D. D. M., Pietri, J. E., & Gnimpieba, E. Z. (2020). Assessment of vector-host- 
pathogen relationships using data mining and machine learning. Computational and 
Structural Biotechnology Journal, 18. https://doi.org/10.1016/j.csbj.2020.06.031 

Ahmadi, M., Sharifi, A., Dorosti, S., Jafarzadeh Ghoushchi, S., & Ghanbari, N. (2020). 
Investigation of effective climatology parameters on COVID-19 outbreak in Iran. 
Science of the Total Environment, 729. https://doi.org/10.1016/j. 
scitotenv.2020.138705 

Al-Arabiya-News. (2020). Paris finds ‘minuscule traces’ of coronavirus in its non-potable 
water. https://english.alarabiya.net/en/coronavirus/2020/04/20/Paris-finds-min 
uscule-traces-of-coronavirus-in-its-non-potable-water.html. 

Ali, N., & Islam, F. (2020). The effects of air pollution on COVID-19 infection and 
mortality-a review on recent evidence. Frontiers in Public Health, 8. https://doi.org/ 
10.3389/fpubh.2020.580057 

Allen, L. J. S., Brown, V. L., Jonsson, C. B., Klein, S. L., Laverty, S. M., Magwedere, K., 
Owen, J. C., & van den Driessche, P. (2012). Mathematical modeling of viral 
zoonoses in wildlife. Natural Resource Modeling, 25(1), 5–51. https://doi.org/ 
10.1111/j.1939-7445.2011.00104.x 

Z. Asif et al.                                                                                                                                                                                                                                      

https://doi.org/10.1111/tbed.13707
https://doi.org/10.1016/j.csbj.2020.06.031
https://doi.org/10.1016/j.scitotenv.2020.138705
https://doi.org/10.1016/j.scitotenv.2020.138705
https://english.alarabiya.net/en/coronavirus/2020/04/20/Paris-finds-minuscule-traces-of-coronavirus-in-its-non-potable-water.html
https://english.alarabiya.net/en/coronavirus/2020/04/20/Paris-finds-minuscule-traces-of-coronavirus-in-its-non-potable-water.html
https://doi.org/10.3389/fpubh.2020.580057
https://doi.org/10.3389/fpubh.2020.580057
https://doi.org/10.1111/j.1939-7445.2011.00104.x
https://doi.org/10.1111/j.1939-7445.2011.00104.x


Sustainable Cities and Society 81 (2022) 103840

15

Al-Rousan, N., & Al-Najjar, H. (2020). The correlation between the spread of COVID-19 
infections and weather variables in 30 Chinese provinces and the impact of Chinese 
government mitigation plans. European Review for Medical and Pharmacological 
Sciences, 24(8), 4565–4571. https://doi.org/10.26355/eurrev_202004_21042 

Ambat, A. S., Zubair, S. M., Prasad, N., Pundir, P., Rajwar, E., Patil, D. S., & Mangad, P. 
(2019). Nipah virus: A review on epidemiological characteristics and outbreaks to 
inform public health decision making. Journal of Infection and Public Health, 12(5), 
634–639. https://doi.org/10.1016/j.jiph.2019.02.013 

Andersen, L. M., Harden, S. R., Sugg, M. M., Runkle, J. D., & Lundquist, T. E. (2021). 
Analyzing the spatial determinants of local Covid-19 transmission in the United 
States. Science of the Total Environment, 754. https://doi.org/10.1016/j. 
scitotenv.2020.142396 

Ardabili, S. F., Mosavi, A., Ghamisi, P., Ferdinand, F., Varkonyi-Koczy, A. R., Reuter, U., 
Rabczuk, T., & Atkinson, P. M. (2020). COVID-19 outbreak prediction with machine 
learning. Algorithms, 13(10). https://doi.org/10.3390/a13100249 

Ashinyo, M. E., Dubik, S. D., Duti, V., Amegah, K. E., Ashinyo, A., Larsen-Reindorf, R., 
Kaba Akoriyea, S., & Kuma-Aboagye, P. (2020). Healthcare workers exposure risk 
assessment: A survey among frontline workers in designated COVID-19 treatment 
centers in Ghana. Journal of Primary Care and Community Health, 11. https://doi.org/ 
10.1177/2150132720969483 

A. Bashir, M. F., Ma, B., Bilal, Komal, B., Bashir, M., Tan, D., & Bashir, M. (2020). 
Correlation between climate indicators and COVID-19 pandemic in New York, USA 
Science of the Total Environment, 728. https://doi.org/10.1016/j. 
scitotenv.2020.138835 

Benson, N. U., Bassey, D. E., & Palanisami, T. (2021). COVID pollution: Impact of COVID- 
19 pandemic on global plastic waste footprint. Heliyon, 7(2). https://doi.org/ 
10.1016/j.heliyon.2021.e06343 

Bhattacharjee, S. (2020). Statistical investigation of relationship between spread of 
coronavirus disease (COVID-19) and environmental factors based on study of four mostly 
afected places of China and fve mostly afected places of Italy. 

Bhattacharyya, S., Dey, K., Paul, A. R., & Biswas, R. (2020). A novel CFD analysis to 
minimize the spread of COVID-19 virus in hospital isolation room. Chaos, Solitons 
and Fractals, 139. https://doi.org/10.1016/j.chaos.2020.110294 

Biktasheva, I. V. (2020). Role of a habitat’s air humidity in Covid-19 mortality. Science of 
the Total Environment, 736. https://doi.org/10.1016/j.scitotenv.2020.138763 

Boulos, M. N. K. (2004). Descriptive review of geographic mapping of severe acute 
respiratory syndrome (SARS) on the internet. International Journal of Health 
Geographics, 3. https://doi.org/10.1186/1476-072X-3-2 

Buchy, P., & Gutiérrez, R. A. (2012). Contaminated soil and transmission of influenza 
virus (H5N1). Emerging Infectious Diseases, 18(9), 1530–1532. https://doi.org/ 
10.3201/eid1809.120402 

Bukhari, Q., & Jameel, Y. (2020). Will coronavirus pandemic diminish by summer? SSRN 
Electronic Journal. https://doi.org/10.2139/ssrn.3556998 

Burki, T. K. (2022). Omicron variant and booster COVID-19 vaccines. The Lancet. 
Respiratory Medicine, 10(2), e17. https://doi.org/10.1016/S2213-2600(21)00559-2 
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